One of the most striking aspect of the Great Recession in the U.S. is the persistently high level of unemployment despite an uptick in economic activity and an increased willingness by …rms to hire. This has stimulated a debate on mismatch in the labor market. The argument is that despite the high unemployment rate the e¤ective pool of job seekers is considerably smaller due to adverse e¤ects of long-term unemployment, high unemployment bene…ts or structural change. Despite high vacancy postings …rms are therefore unable to hire desired workers. I study this issue from an aggregate perspective by deriving the Beveridge curve from a discrete-time search and matching model of the labor market driven by a variety of shocks. I …rst establish that the observed pattern in the data can only be described in the context of the model by the interaction of a cyclical decline in productivity and a decline in match e¢ ciency. I then estimate the model using Bayesian methods on unemployment and vacancy data before the onset of the Great Recession. The posterior estimates are used to construct the likelihood that the recent pattern is consistent with a stable Beveridge curve. I …nd that there is enough probability mass on the observed pattern to explain this by a prolonged deterioration in labor market performance. I test the robustness of this …nding by allowing for structural breaks in the Beveridge curve.
Introduction
The Beveridge curve captures the relationship between aggregate unemployment and vacancies. Plotting the former against the latter shows a downward-sloping relationship that appears tightly clustered around a concave curve (see Figure 1) . The curve re ‡ects the highly negative correlation, 0:91, between unemployment and vacancies that is a hallmark of developed economies. Moreover, the Beveridge curve also encapsulates the logic of the search and matching approach to modeling labor markets. In times of economic expansions, unemployment is low and vacancies, that is, open positions o¤ered by …rms, are high. Firms want to expand their workforce, but they are unable to do so since the pool of potential employees, that is, the unemployed, is small. As economic conditions slow exceptional for its length and depth, and in that the unemployment rate almost reached its previous post-war peak. Moreover, the share of long-term unemployment in the overall rate is historically unprecedented at a level almost twice as high than the previous peak. 1 One of the most striking aspects of the recovery is that the labor market picture has not improved. The unemployment rate has come down from its peak by a percentage point, but seems discinclined to drop further, hovering instead around its current level of 9:1%.
At the same time, as the economy has picked up, vacancy postings have been rising. In terms of the Beveridge curve, we observe a cluster of data points above where we expect them to be, based on the standard relationship. Moreover, the o¤-Beveridge curve cluster has persisted for a long while now.
I therefore ask the question whether the recent behavior of unemployment and vacancies is consistent with a normal Beveridge curve relationship or whether something fundamental has changed in the labor market. I use a simple search and matching framework to 1 Hornstein and Lubik (2010) From a quantitative viewpoint, however, it is di¢ cult to ascertain whether the recent data signify, a break in the functioning of the labor market, the outcome of a sequence of unfortunate shocks, or simply re ‡ects the inability of a researcher confronted with parameter uncertainty to draw conclusions. In order to address the last point, I take a Bayesian approach and treat the model parameters as random variables. I then conduct a Bayesian prior predictive analysis to see whether the model is in principle capable of capturing the Beveridge curve. The answer is a¢ rmative, both for the steady state version of the model as well as the fully dynamic and stochastic version. I then estimate the latter and perform a posterior predictive analysis. The model is again capable of replicating the o¤-Beveridge curve data cluster, whereby the main element a persistent decline in match e¢ ciency is.
In order to look at this last conclusion from a somewhat di¤erent perspective, I interpret the decline in match e¢ ciency not as an exogenous shock, but rather as a break in this parameter generated by large output declines. I model this interepretation in terms of a threshold switching model. It is based on the idea that when output movements deviate too much from their nomral level, such as the collapse in GDP during the Great Recession, match e¢ ciency switches to a di¤erent, in this case lower level. While this approach is conceptually appealing and can replicate the adjustment dynamics as seen in the data, a predictive analysis does not put enough probability weight on this to o¤er a clear-cut answer.
The evolution of the labor market over the course of the Great Recession can therefore be told as follows. The business cycle downturn induced a typical movement a long the Beveridge curve as vacations postings dried up and unemployment rose. The length and depth of the recession induced changes in the way the labor market functions. This can be seen as either a sequence of persistent and negative shocks to match e¢ ciency or as an induced break in a parameter. The latter interpretation in particular seems to capture the idea of labor market mismatch. The depth of the recession led to the emergence of widespread long-term unemployment, so that despite increased willingness to hire, the a-icted workers so not …nd their match.
In order to develop my argument conceptually, I procede in several steps. I …rst perform a steady state analysis based on a simple accounting equation for employment and an optimality condition for vacancy postings. A steady state analysis is convenient since it allows me to derive analytical predictions, which aid in gaining intuition. Moreover, a steady state analysis can be justi…ed (e.g., as in Shimer, 2005) when adjustment dynamics are fairly rapid, which arguably is the case in monthly labor market data. The results from this analysis are clear-cut. The cluster of data points can only be explained as the outcome of two separate e¤ects: a productivity-driven movement along the normal Beveridge curve, and a shift or twist to a new Beveridge curve. I demonstrate that this shift is consistent with a decrease in match e¢ ciency, an increase in the (…xed and exogenous) separation rate, or a decrease in the match elasticity. I argue that the most plausible source of the shift is a decline match e¢ ciency, that is, the ability of the labor market to transform open positions and job seekers into productive employment relationships.
The paper is organized as follows. In the next two sections, I develop intuition for the shifts and twists in the Beveridge curve and their determinants from a steady state analysis. Section 2 derives the curve from a simply accounting equation, while Section 3 adds the optimal vacancy posting decision of a …rm. In Section 4 I conduct a Bayesian prior predictive analysis that attempts to determine whether the model in its various speci…cations is in principle capable of replicating the pattern seen in the data. I estimate the model using Bayesian methods in Section 5 and assess to what extent the data can be explained by shocks alone or by shifts in parameters. This Section also contains an analysis of the posterior predictive density. Section 6 o¤ers an interpretation of the Beveridge curve data with a threshold switching model, while Section 7 conducts a few broad robustness checks for my argument. The …nal Section concludes and speculates on future areas of research. The …rst equation, and the one that underlies the Beveridge curve, is a relationship that describes the dynamics of employment:
Beveridge Curve Shifts: Preliminary Insights
This is a stock- ‡ow identity that relates the stock of employed workers N to the ‡ow of new hires M = mU V 1 into employment. is the (constant) separation rate that captures employment out ‡ows. New hires are determined as the outcome of a matching process that combines vacancies V with the unemployed U who are searching for jobs. The matching function is of the Cobb-Douglas type with match elasticity 0 < < 1 and a level parameter m > 0 that measures the e¢ ciency of the matching process. The measure of the unemployed is de…ned as U t = 1 N t , where the labor force is normalized to one.
The theoretical Beveridge curve is usually depicted as the steady-state counterpart of this dynamic employment equation. It is posited that shocks are short-lived enough and adjustment dynamics rapid enough that departures from the steady state are resolved within the sampling frequency. Consequently, steady state relationships are good enough approximations for the underlying, richer dynamics. After substituting the de…nition of the unemployment rate into (1), I can rearrange this expression to derive a steady state relationship between vacancies and unemployment:
This Beveridge curve describes an equilibrium locus of combinations of U and V such that in ‡ows and out ‡ows to the (un)employment pool are balanced.
The Beveridge curve is characterized by three parameters. The match e¢ ciency m and the separation rate determine the intercept and thus its location, while the match elasticity governs its curvature. I calibrate these parameters as follows. I set the separation rate Figure 1 shows the estimated Beveridge curve over a scatter plot of the data.
2 I take the natural logarithm of the Beveridge curve and collect terms. This results in the regression equation:
Conditional on the calibrated value of , I can then identify and m from the estimated slope and intercept terms. I ignore obvious issues of collinearity for the purposes of this simple exercise.
The data exhibit the familiar downward-sloping pattern. An alternative source of the shift in the Beveridge curve is a change in the match elasticity , which has both a level e¤ect, but also a¤ects the curvature. Following the same procedure as before, I …nd that a fall of by 27% to 0 = 0:34 is needed to be consistent with the data point of May 2010. Figure 2 depicts the shifts of the curve for the two parameter constellations. 3 The Beveridge curve is notably ‡atter in the case of a decline in the match elasticity. At a given unemployment rate, vacancy postings are now less reactive.
Using the matching function, one can de…ne the hiring rate as q(
For a given vacancy-unemployment ratio, the hiring rate becomes less elastic and thus less responsive to aggregate labor market conditions. Furthermore, the JOLTS hiring rate shows a substantial decline which would be consistent with a fall in the match elasticity.
I can draw a few preliminary conclusions at this point. The recent behavior of the unemployment rate and vacancies is consistent with an upward shift in the Beveridge curve that originated either from a decline in match e¢ ciency or a decrease in the elasticity of the matching function. This lends support to the notion of mismatch in the labor market, which …nds its theoretical counterpart in breaks in the parameters of the matching function.
While an increase in the separation rate is a theoretical possibility, this explanation is ruled out by the actual behavior of separations in the data.
However, the preceeding analysis should be taken with a degree of caution. First, the empirical analysis is very rudimentary. In particular, the suggested values for the match elasticity are far below typical numbers in the literature. Second, and more importantly, the analysis does not distinguish between adjustment dynamics and business cycle dynamics.
That is, a comparative statics analysis only provides limited insight into the behavior over time. Third, the analysis does not distinguish between exogenous shocks and breaks in parameters as sources of the perceived shifts in the comovement pattern of unemployment and vacancies. Finally, the Beveridge curve describes an an equilibrium outcome, but it is an open question whether the data are consistent with the behavior of a general equilibrium model. I will now address these concerns using the full model.
Beveridge Curve Shifts: A Broader Perspective
The Beveridge curve describes the downward-sloping relationship between unemployment and vacancies in a scatter plot. The contemporaneous correlation between the two time series over the JOLTS sampling period is 0:87. This relationship can be described using a matching function and the stock- ‡ow accounting of the employment equation ( 
I detail in the Appendix how it can be derived from the optimal vacancy posting decision of a …rm and a wage setting equation.
The steady state representation of the JCC is:
Note that = V =U de…nes labor market tightness, so that the JCC determines the steady (2) it is straightforward to compute the implied joint distribution for unemployment and vacancies. These are depicted in Figure 6 for an unemployment range from 4% to 12%.
The contour plot in Panel A is overlayed with the data from the full sample period.
During normal times in the …rst part of the sample, the data lie along the ridge of the joint distribution. This simply re ‡ects that the parameter distributions were chosen based on the …tted Beveridge curve in Figure 1 . As the Great Recession takes it course, however, the graph shows that the data points fall o¤ the ridge. Given the joint density, I can now assign a probability to speci…c outcomes under this prior distributions. I pick the unemployment rate in May 2010, namely 9.7%, as a reference point. The estimated Beveridge-curve relationship would predict a vacancy rate of 1.6%, whereas the actual observed value was 2.2%.
Panel B graphs the implied prior distribution of the vacancy rate conditional on an unemployment rate of 9.7%. The two vertical lines are the actual and predicted vacancy rates. The prior mean and standard deviation are, respectively. The observed value is almost exactly a standard deviation higher than the predicted value. I regard this within the range of statistical plausibility; that is, we cannot rule out with a fair degree of certainty that the recent pattern was not generated by small stochastic variations in the parameters.
I also not that the distribution is slightly right-skewed, so that there is relatively more probability mass on vacancy rates above the predicted mode. This is re ‡ective of the tendency of the Beveridge-relationship to engender vacancy postings when unemployment is high. Naturally, this observation needs to be addressed in terms of the job creation condition, to which I now turn.
I compute the implied density of unemployment and vacancy rates for parameter draws from the priors using the steady state equilibrium conditions (2) and ( Table 1 . I will use this later on as the benchmark prior distribution in the structural estimation. First, the prior draws trace out the familiar downward-sloping relationship in V-U space. 7 Second, there is a large degree of dispersion, which was not that evident from the prior analysis based on the employment equation alone. This is to a large extent driven by the additional variation introduced by the remaining parameters of the model, but also re ‡ects the speci…c prior chosen. I will return to this observation below.
The data points during the normal sample period lie along the previously identi…ed ridge.
At the same time, a substantial number of draws coincides with the latter sample of the Great Recession. It is thus a priori not obvious that the recent pattern is inconsistent with the standard model. The scatter plot also o¤ers insights for the structural estimation of the model. Given the prior distribution, the data appear very informative for the estimation of the structural parameters. The posterior distribution can therefore be expected to be much more concentrated than the prior and that this results in sharp inference for the parameters.
The last exercise I perform is a fully dynamic analysis. I simulate the linearized version of the standard search and matching for repeated draws from the prior distribution of the parameters. The model is derived and explained in more detail in the Appendix.
An Estimated Beveridge Curve Model
I am now taking a more deeply quantitative look at the behavior of the Beveridge curve.
To this end, I estimate the full dynamic and stochastic search and matching model using Bayesian methods. Details on the econometric method and the speci…cs of the empirical analysis can be found in Lubik (2009), while a comparable exercise is performed in Lubik (2012). The model speci…cation is the same as the one used in the previous simulation exercise, as is the choice of the prior distribution for the parameters to be estimated (see Table 1 This should give an indication whether the model's behavior is driven more by shocks or 7 The pattern would be even more noticeable for a wider range of variable values as the prior distribution includes quite a few outliers. I thus restrict the range of values to the one reported in the Figure. parameter shifts.
The Bayesian estimates are reported in Table 2 The match e¢ ciency m and the bene…t parameter b posteriors are also shifted away from the prior means, which in both cases lie outside the coverage intervals. For the former, the posterior mean is higher than the prior at 0:9, while the estimate of b is below the prior mean. In fact, the latter estimate is almost exactly halfway between the value in Shimer (2005) and the one espoused by Hagedorn and Manovskii (2008) , upon which the prior choice was based. This is again consistent with previous estimates, which tend to favor a high replacement ratio. The posterior estimates clearly reject the Hosios-condition = to the e¤ect that the overlapping probability mass between the two distributions is zero.
The posterior of = 0:42 is below the prior, but not as much as previous studies would indicate. On the other hand, this parameter tends to be hard to pin down in the absence of other sources of information, such as wages. Finally, the posterior estimates of the shock parameters indicate more persistent and more volatile disturbances than assumed in the prior.
The estimates for the Great Recession sample period are in the fourth column of Table   2 . Both the match elasticity at = 0:63 and the match e¢ ciency m = 0:7 are below the estimates from the …rst sample period. This is consistent with the argument made in Sections 2 and 3 using the steady state model. In order to locate the data points that emerge above the implied Beveridge curve during and after the Great Recession, the estimation algorithm sets the estimates at lower values. In fact, m is even below the prior mean. Moreover, the estimate of the bene…t parameter b is now much closer to the prior mean. Since this increase ceteris paribus the volatility of unemployment and vacancies (see Hagedorn and Manovskii, 2008) , it also aids in matching the data. A higher b is also consistent with a narrative of more generous and extended unemployment bene…ts as the source of the persistently high unemployment rate. The posterior mean for is higher than before, but there is substantial overlap of the coverage intervals. Notably, the ARcoe¢ cients decline from the …rst sample. In the case of the match e¢ ciency shock from 0:94 to 0:70. At the same time, the standard deviation of productivity shocks falls, while that of m t rises. This supports the conclusion that the recent behavior of unemployment and vacancies is driven by a fall in the mean level of match e¢ ciency, and an increase in their volatility. I will look at this again from the point of view of variance decompositions.
Finally, I estimate the model over the full sample period. The results are contained in the last column of Table 2 . Since, the Great Recesssion sub-sample is only a quarter as long as the …rst sub-sample, it would seem obvious that the latter dominates the estimates, on the other hand, the substantial cluster of data points o¤ the normal Beveridge curve necessitates the estimation algorithm to match these. The posterior mean estimates are fairly unequivocal. The match elasticity does not change from the …rst sub-sample, while match e¢ ciency falls between the estimates of the two sub-samples, as do the bene…t and bargaining parameters. Surprisingly, the persistence of the two shock processes is higher than in both sub-samples, while the innovation variances lie in between. I can derive two conclusion. First, it is unlikely that changes in the match elasticity drive the recent Beveridge-curve behavior. This only leaves changes in match e¢ ciency as the source, which substantiates my previous discussion. While changes in the bene…t parameters (and to a lesser degree in the bargaining share) are contributing factors, the volatility and incidence of shocks to the match e¢ ciency are the second contributing factors.
In order to discuss this conclusion further, I now compute the long-run variance decomposition for the three samples before I look at the …ltered series for the shocks. The variance decomposition is reported in Table 3 . The main driving force for unemployment is productivity, while vacancies are largely explained by shocks to match e¢ ciency. 8 The role of productivity shocks in explaining unemployment declines from the …rst to the second sample, with the full sample contribution e¤ectively identical to that in the Great Reces-sion. The picture for the contribution of match e¢ ciency shocks is the mirror image of this.
As for vacancies, the contribution of productivity shocks rises substantially, while that of match e¢ ciency shocks falls. The variance decomposition is thus broadly consistent with the previous discussion of the posterior estimates.
I now extract the implied series for the unoberved shock processes, productivity A t and match e¢ ciency m t , by …ltering the model at the posterior means. The series are reported in Figure 8 . The graph at the top contains the series for the productivity shock for each of the three samples, while the bottom graph contains the …ltered match e¢ ciency series.
Mean productivity is normalized to one in the model and is assumed to be unchanged over the sample period. The index numbers can therefore be interpreted as (gross) percentages.
The behavior of productivity over the full sample tells the story of the labor market in the last decade. As the economy was entering the 2001 recession, productivity fell from its initial peak of 10% about its long-run value to its mean, where it hovered for several years. This is is consistent with the uptick in vacancy postings, and in fact is on factor behind the data cluster o¤ the Beveridge curve. Yet, the economy still operates more than 5% below its long-run level. The two series for the sub-samples very much follow the pattern established for the full sample period. Since the means are restricted to one the apparent level shifts in the …ltered productivity series simply re ‡ect the fact that the estimation algorithm adjusts for variations in the location of the data series over the sub-sample. Absent of this, the three series would overlay each other closely.
In the bottom graph I report the actual level of the estimated match e¢ ciency parameter.
Since I allow the mean to change over the sample periods the di¤erences in the relative levels re ‡ect the di¤erent posterior mean estimates over the three sampling periods. The mean for the …rst sub-sample is estimated at 0:9. Interestingly, the …ltered match e¢ ciency closely follows the pattern of productivity, their correlation being 0:91. As we saw above, the posterior mean for the Great Recession sample drops to 0:7. The pattern compared to …ltered productivity, however, is di¤erent. Match e¢ ciency depicts a noticeable downward trend, continuing even after productivity picks up again. In fact, correlation between the two series is now only 0:30. This supports the argument that unemployment is kept elevated because of the pressure from declining match e¢ ciency despite the productivity-driven uptick in vacancies.
Finally, the …ltered series also shows how estimation over the full sample accounts for the data. At the onset of the Great Recession, the labor market su¤ers a sequence of negative match e¢ ciency shocks, which bring the series down to close to the level consistent with the second-subsample. A priori, this would seem consistent with a structural break, in particular as the match e¢ ciency has remained low for an extended period. I will o¤er below an interpretation of this pattern from the perspective of a threshold switching model. What I cannot conclusively answer, however, is whether the o¤-Beveridge pattern is generated by a break in the mean or by a sequence of persistently negative innovations. The algorithm thus …ts the data by imposing a high persistence parameter on the matching parameter (see Table 2 ). Of course, this is related to the di¢ culties that structural break tests have in distinguishing between true breaks and random walk behavior. An analysis of this issue is relegated to future research.
The …nal question I ask of the estimated labor market model, is whether it can capture Beveridge curve dynamics. Figure 9 depicts the impulse response functions of unemployment and vacancies to the two exogenous shocks, estimated from the …rst sample period. 9
A one-standard deviation productivity shock raises vacancy postings on impact, which then decline gradually as the initial impulse runs out. Productivity does not a¤ect employment 
A is an aggregate productivity process, common to all …rms, that obeys the law of motion:
where 0 < A < 1, A > 0, and " A;t N (0; 2 A ). The labor market matching process combines unemployed job seekers U with job openings (vacancies) V . This can be represented by a constant returns matching function,
, where m > 0 is match e¢ ciency, and 0 < < 1 is the match elasticity.
The matching process is assumed to be follow:
where 0 < m < 1, m > 0, and " m;t N (0; 2 m ). Unemployment is de…ned as:
where the labor force is normalized to one. In ‡ows to unemployment arise from exogenous job destruction at rate 0 < < 1.
The dynamics of employment are therefore governed by the following relationship:
This is a stock- ‡ow identity that relates the stock of employed workers N to the ‡ow of new hires M = mU V 1 into employment. The timing assumption is such that variations in match e¢ ciency do not a¤ect employment contemoraneously. The matching function can be used to de…ne the job …nding rate, i.e. the probability that a worker will be matched with a …rm:
and the job matching rate, i.e. the probability that a …rm is matched with a worker:
where t = V t =U t is labor market tightness. From the perspective of an individual …rm, the aggregate match probability q( t ) is exogenous, and hence new hires are linear in number of vacancies posted for individual …rms:
A …rm chooses the optimal number of vacancies V t to be posted and its employment level N t by maximizing the intertemporal pro…t function:
subject to the employment accumulation equation (A5). Pro…ts are discounted at rate 0 < < 1. Wages paid to the workers are W , while > 0 is a …rm's …xed cost of opening a vacancy. The …rst order conditions are:
where t is the multiplier on the employment equation. Combining these two …rst-order conditions results in the job creation condition:
This captures the trade-o¤ faced by the …rm: the marginal, e¤ective cost of posting a vacancy, q( t) , that is, the per-vacancy cost adjusted for the probability that the position is …lled, is weighed against the discounted bene…t from the match. The latter consists of the surplus generated by the production process net of wage payments to the workers, plus the bene…t of not having to post a vacancy again in the next period.
Wages are determined based on the Nash bargaining solution: surpluses accruing to the matched parties are split according to a rule that maximizes the weighted average of the respective surpluses. Denoting the workers'weight in the bargaining process as 2 [0; 1], this implies the sharing rule:
where W t is the asset value of employment, U t is the value of being unemployed, and J t is, as before, the value of the marginal worker to the …rm. 10 The value of employment to a worker is described by the following Bellman equation:
Workers receive the wage w t , and transition into unemployment next period with probability . The value of searching for a job, when currently unemployed, is:
An unemployed searcher receives bene…ts b and transitions into employment with probability
. It is adjusted for the probability that a completed match gets dissolved before production begins next period. Substituting the asset equations into the sharing rule (A12), results, after some algebra, in the wage equation:
Wage payments are a weighted average of the worker's marginal product A t , which the worker can appropriate at a fraction , and the outside option b, of which the …rm obtains the portion (1 ). Moreover, the presence of …xed vacancy posting costs leads to a hold-up problem where the worker extracts an additional t from the …rm. I can substitute the wage equation and the job-matching rate into the job-creation condition to obtain:
Note that this expression is a …rst-order expectational di¤erence equation in labor market tightness, with productivity as a driving process. Firms are more willing to post vacancies if productivity shocks increase the wedge to the outside option of the worker. In the empirical analysis, I make use of the simple structure of the model. The dynamics can be fully described by two equations, the employment accumulation equation (A5) and the job creation condition (A16), after convenient substitutions.
The full general equilibrium model consists of the following equations:
The …rst equation is the employment accumulation equation, followed by the job creation condition. The third equation describes the Nash-bargained wage, while the following two equations de…ne labor market tightness and relate employment to unemployment. The description of the model is completed by the law of motions of the two exogenous stochastic processes.
The model is linearized around the steady state. I normalize aggregate productivity A = 1 and …x , but estimate all remaining parameters. Denote the log-deviations of a variable from its steady state as e x t = log x t log x. I …nd it convenient to reduce the system to one in two endogenous variables only, viz. e N t and e t , by substituting the wage equation into the job creation condition, the two de…nitional equations into the employment equations. The resulting linearized equation system is: 
e m t = m e m t + " m;t :
The four equations form a linear rational expectations (LRE) model in two endogenous variables and two exogenous shocks. The model has the special feature that it is blockdiagonal: the job creation condition is an expectational di¤erence equation in e t only and could thus be solved independently from the rest of system. The solution for tightness then feeds into employment dynamics as a driving process. It can easily be demonstrated that the system possesses a unique solution over the admissible parameter space. The system is solved using the method described in Sims (2000). 
